Motor Torque Calculation and Fitting. The rotational viscous drag coefficient of a bead bound to the hook of a functional BFM is calculated as γ = 8πηr where η is the viscosity of the surrounding buffer, r b is the radius of the bead, re is the measured radial distance to the bead's axis of rotation, and d is the distance from the bead to the cell surface, estimated to be 5 nm in our experiments. In Eq. S1, the denominator corresponds to Faxen's corrections (57). The torque which the motor applies upon the viscous load of the bead is τmotor = γω, where ω is the measured bead's rotational velocity.
Torque traces are assumed to be noisy piecewise constant signals. A minimization of the L 1 -Potts functional is used to recover the underlying piecewise constant torque signal for both the prestall and poststall motor torque traces. This is done via the PottsLab toolbox (Version 0.42) in Matlab (31, 58 ). An example torque trace and its fit is shown in Fig. 1C . This algorithm is ideal, as it allows for the identification of discrete discontinuities, or steps, in the torque signal, while not requiring them to be of any specific size or the same size.
Stator Stoichiometry Calculation and Analysis. Stator stoichiometry is determined by preserving the discrete discontinuities from the step-detection algorithm. As in previous works, the steps found in the torque traces are interpreted as indications of a change in stator number (11, 13, 14, 59, 60) . For each individual motor, the average step size is used to determine the stator number as a function of time (see below for more details and a test of both the step detection and stator stoichiometry determination algorithms).
Kernel density estimate distributions (Fig. 2 A, B , and D) are constructed with a Gaussian kernel (width of 1/2 the SD of all fit torque steps in Fig. 2A ; width of 1 stator in Fig. 2 B and D) . Average single-stator torque values are determined by performing a two-Gaussian fit to these distributions, where only the mean m1 and SD s1 of the first Gaussian are free parameters, while the second Gaussian mean is set to m2 = 2m1 and the SD is set to s2 = √ 2s1. This considers large torque discontinuities as unresolved double steps, and allows to better fit the long tail of the distribution. Single-stator local force values ( Fig. 3 B-D For each viscous load except γ1300 (in which stall has no statistical effect on the motor), Eq. 3 is fit to the average stoichiometry data after stall, with kin , k off , Nss , and No left as free parameters (least-squares minimization, black dashed line for t > 0 in Fig.  2D ). From the distributions of N at steady-state shown in Fig.  2B (and considering the uncertainty of these measurements), in this analysis we fix Nmax = 14, which is compatible with previous estimates of 11-16 (10, 14-16, 60) . However, our main conclusions do not critically depend on this choice. The errors of the fit parameters shown in Fig. 3 A and B are estimated by bootstrapping, using the SD of the set of parameters that fit 100 random subsamples (each containing 90% of the original set of traces) for each viscous load. To quantify the rates at γ1300, given the relatively constant value of kon for the smaller viscous loads, we make the assumption that kon (γ1300) is equal to the average of kon for the smaller viscous loads. From the value of Nss (γ1300), we then obtain k off (γ1300) from Eq. S2 (points in cyan in Fig. 3  A and B) .
In addition to the Hill-Langmuir adsorption model described by Eq. 3, we also consider a generalized reversible RSA model which incorporates a continuous binding ring around the rotor. As this model does not have an analytical solution, we determine stator binding and unbinding rates using a genetic algorithm (differential evolution) to match simulated stator stoichiometry time trajectories to the average of the experimental trajectories. See below for details. A Subset of Experimental Traces. Motor torque is recorded for a total of 142 motors, both before and after motor stall via the magnetic tweezers. All of the data are fit to a piecewise constant signal. A subset of experimental traces is shown in Fig. S1 . Detecting Steps in the Torque Traces. Torque traces are assumed to be piecewise constant signals with Gaussian noise. A minimization of the L 1 -Potts functional is used to recover the underlying piecewise constant torque signal, τ fit (t) (in units of pN·nm). This is done via the PottsLab toolbox (Version 0.42) in Matlab (30, 31) . Torque traces are median-filtered by using a window of 0.5 s, then down-sampled to 10 Hz to decrease computation time. The number of steps detected is sensitive to one free parameter, which can be thought of as a smoothing parameter. Ideally, this parameter should be set such that the fit contains the smallest number of steps where the residuals contain no trace of the underlying signal (i.e., the residuals are pure noise). This is accomplished by performing multiple fits of the data, varying the parameter over a wide range, and fitting a Gaussian function to the residuals. The optimal parameter value is chosen as the lowest value for which increasing the paramter value yields no improvement of the residual fit, as judged by the Bayesian information criterion. Determining Stoichiometry. Starting from the piece-wise constant fit τ fit (t) (in units of pN·nm) for each of the motor torque traces, stator stoichiometry is determined in the following way.
1. The global mean step size is determined for each load from a double-Gaussian fit of the distributions shown in Fig. 2A . This global value is assumed to be the torque contribution of a single stator at the load γ, TSS (γ). 2. To account for the possibility of cell-to-cell variation, the torque contribution due to a single stator is estimated for each individual motor. For each motor, using τ fit (t) from both before and after stall, all of the torque discontinuities {δτi } in the range 1 2
T SS (γ) < δτi < 3 T SS (γ) are averaged to give the single-stator torque contribution of the individual motor τSS = {δτi } . For an individual trace, this step is implemented to reduce the effect of discontinuities which represented multiple stators binding or unbinding simultaneously (or within the time resolution of the fit, see below) or pauses in motor rotation due to surface interactions or other unknown causes. 3. The stator number N at time t is reconstructed as follows.
N (t = 0) is initially set to zero. Moving forward along the trace τ fit (t), N (t) remains unchanged until a discontinuity δτi in the fit is encountered at t = to.
• If δτi < 1 3
τSS , the discontinuity is assumed to be too small to represent a change in stator number and N (to) is unchanged.
• If the discontinuity is in the range 1 3 τSS ≤ δτi < 3 2 τSS , the discontinuity is interpreted as the arrival or departure of a single stator, and N is changed accordingly [i.e., N (to) = N (to − ∆t) ± 1, where ∆t is the sampling time].
• For discontinuities δτi > 3 2 τSS , two or more stators are assumed to have bound or unbound, and N is changed accordingly [i.e., N (to) = N (to − ∆t) ± ∆N , with ∆N the nearest integer to δτi /τSS ].
This procedure produces a trace of a relative N (t) which accurately reflects the sizes and positions of the discontinuities of the traces, but does not yet accurately reflect the absolute stator number, as N (t = 0) is a priori unknown.
4. In the trace τ fit (t), close but different torque values can correspond to the same relative number of stators, according to the reconstructed N (t). All of the torque values of τ fit (t) that correspond to the same N (t) are averaged together, obtaining τN , the average motor torque at the (relative) stator number N . 5. To offset the relative trace N (t) to most accurately reflect the real stator number, the following global offset is added
where rint(x ) is the closest integer to x . Evaluation of Step Finding and Stoichiometry Algorithms. To test the step detection and stoichiometry assignment algorithms, simulated BFM torque traces are created and analyzed. Two different types of artificial traces are created, both assuming that the torque of the BFM is piecewise-constant with Gaussian noise. The first type of artificial trace incorporates 10 discrete discontinuities, 5 upward and 5 downward, an example of which is shown in Fig. S2A . The torque trace is defined here by a piecewiseconstant signal τ , to which a zero-mean delta-correlated Gaussian noise is added to simulate the high-frequency noise in each torque level. After applying a median filter (equivalently to the experimental traces), the amplitude of this torque noise is quantified as στ . To simulate nonidentical torque steps induced by binding and unbinding of a single stator, each of the torque discontinuities in the trace is defined by a step size δτ (constant in absolute value), to which a random number (extracted from a normal distribution with SD σ δτ ) is added. The second type of simulated trace incorporates 20 brief discontinuities in the form of pulses, with an increasing duration δt of the pulse (refer to the purple arrow in Fig. S2B ), an example of which is shown in Fig. S2B . Two parameters are varied in the simulations: the SD in the discontinuity size (quoted as a percentage of the discontinuity size, σ δτ /δτ ; refer to the green arrow in Fig. S2A ) and the Gaussian noise added to the torque trace (as measured after median filtering and quoted as a percentage of the discontinuity size, στ /δτ ; refer to the blue arrow in Fig. S2A ). Fifteen simulated traces are created for each condition and for each type of artificial trace, for a total of 1,050 simulated traces. The time resolution and the median filtering of the traces match that of the experimental traces. Evaluating all of the experimental traces of this study, we estimate the experimental SD in step size σ δτ to be in average 0.5 times the experimental step size δτ over all three loads, and the experimental SD of the noise in the torque traces στ to be 0.4 times the experimental step size δτ . Based upon these estimates and the results of the simulations shown in Fig. S2 C and D, we estimate the error in stator stoichiometry to be ±1.6 stators. In addition, for the above-mentioned values of experimental noise, simulations of the type shown in Fig. S2B suggest that steps in motor torque of duration <3.5 s are detected by our algorithms 50% of the time, while steps that last 4.0 s are detected 67% of the time.
Simulations of a Reversible RSA Model with a Continuous Binding
Ring. While the Hill-Langmuir model proposed in Eq. 3 fits the experimental data well, we note that fixed binding sites within the PG may not be biologically likely. Therefore, we explore how stator kinetics differ if the model is generalized to a continuous binding ring at the periphery of the rotor (see Fig. S4 A and B for a schematic comparison of the two models). As this model lacks an analytical solution, we perform stochastic simulations of the binding and unbinding events, varying the free parameters of Eq. 3, and compare these to experimental traces.
Stators are allowed to bind at any continuous angle on the ring providing there is sufficient contiguous space. The perimeter of the ring is set to d · Nmax , where the stator is assumed to be a sphere of diameter d . The reaction of stator unbinding is identical to the Hill-Langmuir model, dependent upon k off and the number of stators currently bound. The comparison between simulated trajectories and experimental trajectories is accomplished by using a genetic algorithm (differential evolution) to minimize a score function that measures the square distance between the experimental occupancy trajectory N (t) and the average of 2,000 stochastic simulated trajectories for each parameter set. A continuous binding ring results in lower steady-state occupation than its discrete Hill-Langmuir version, due to "frustration" effects in stator packing efficiency [previously, it has been shown that the irreversible packing limit is 0.74 (62)]. The relative size of the stator to the continuous binding ring which produces a good fit of the experimental data equates to a maximum number of fixed binding sites, Nmax , of 20. The 3D structure of the stator unit of PomAB in Vibrio alginolyticus has a cross-section of ∼8 nm (61). Neglecting interactions between stator units, ∼21 stator units could attach to the PG at a radius of 27 nm [23-nm rotor radius (42) plus 4-nm stator radius]. Fig.  S4C shows the data from Fig. 3 for each load which could be fit with Eq. 3, as well as the equivalent rates as determined by using the reversible RSA model with a continuous binding ring. Fig. S1 . A collection of experimental torque traces. The five columns refer to the five loads γ 300 , γ 300g , γ 500 , γ 500g , and γ 1300 . Torque is measured at steady state before stall (cyan points, t < 0). After being stalled for 5 min, the motor is released, and torque is measured again (yellow points, t > 0). The black line shows the result of the piece-wise constant fit, later used to estimate the stoichiometry of stators along each trace. , and K show simulated traces representing the highest values of στ /δτ and σ δτ /δτ tested. The black line represents the simulated motor torque before the addition of Gaussian noise, the gray line represents the simulated motor torque after addition of Gaussian noise, and the red line shows the best fit from the step-detection algorithm. Examples of poor performance by the step-finding algorithms is shown in E and I, whereas examples of good performance are shown in G and K. F, H, J, and L show the output of the stator stoichiometry algorithm for E, G, I, and K, respectively. The black line represents the simulated stator number, and the red line shows the stator number determined from the output of the step detection algorithm. The loads are labeled γ d or γ dg , where d corresponds to the bead diameter (bead diam.), and g corresponds to the use of glycerol in the percent by volume listed. The corresponding calculated angular drag coefficients are given, and the bead diameters were measured by scanning electron microscopy.
